Most of what is known about the reorganization of functional brain networks that accompanies normal aging is based on neuroimaging studies in which participants perform specific tasks. In these studies, reorganization is defined by the differences in task activation between young and old adults. However, task activation differences could be the result of differences in task performance, strategy, or motivation, and not necessarily reflect reorganization. Resting-state fMRI provides a method of investigating functional brain networks without such confounds. Here, a support vector machine (SVM) classifier was used in an attempt to differentiate older adults from younger adults based on their resting-state functional connectivity. In addition, the information used by the SVM was investigated to see what functional connections best differentiated younger adult brains from older adult brains. Three separate resting-state scans from 26 younger adults (18-35 yrs) and 26 older adults (55-85) were obtained from the International Consortium for Brain Mapping (ICBM) dataset made publically available in the 1000 Functional Connectomes project www.nitrc.org/projects/ fcon_1000. 100 seed-regions from four functional networks with 5 mm 3 radius were defined based on a recent study using machine learning classifiers on adolescent brains. Time-series for every seed-region were averaged and three matrices of z-transformed correlation coefficients were created for each subject corresponding to each individual's three resting-state scans. SVM was then applied using leave-one-out crossvalidation. The SVM classifier was 84% accurate in classifying older and younger adult brains. The majority of the connections used by the classifier to distinguish subjects by age came from seed-regions belonging to the sensorimotor and cingulo-opercular networks. These results suggest that age-related decreases in positive correlations within the cingulo-opercular and default networks, and decreases in negative correlations between the default and sensorimotor networks, are the distinguishing characteristics of age-related reorganization.
Introduction
Until relatively recently, most of our knowledge regarding the age-related reorganization of functional networks in the human brain has been based on neuroimaging studies comparing differences in task activity between younger and older adults. However, following an explosion of research into resting-state functional connectivity, it has been proposed that all functional networks that are utilized for task performance are present during rest in the form of correlations between low frequency fluctuations (Biswal et al., 1995; ). Resting-state fMRI allows the investigation of age-related changes in functional networks without confounds of task studies, such as performance, motivation, and the use of divergent strategies.
Relatively few studies have attempted to characterize age-related reorganization of functional networks at the brain-wide level using resting-state functional connectivity (Biswal et al., 2010) . In one such study, Meunier et al. completed a graph theoretical analysis on resting-state data investigating the effects of aging on the modular organization of functional networks (2009). They found that large modules, or networks, observed in young healthy adults were split up into smaller modules in older adults. In addition, they observed a shift in the hubs of modular connectivity, where the hubs for older adults were located in more posterior regions compared to younger adults (Meunier et al., 2009) . A separate study investigating global functional connectivity differences in homotopic regions of the brain between younger and older adults found that functional connectivity between homotopic areas decreases from adolescence to adulthood, and then increases again with advancing age in adulthood . However, several questions regarding the exact nature of the changes in brain networks that accompany age remain.
One powerful method available to investigate the age-related reorganization of functional networks is the use of machine learning classifiers (Pereira et al., 2009) . Machine learning classifiers, such as support vector machines (SVM), entail selecting independent variables, known as features, and using these features to predict the class membership of an individual example. The features are assigned parameters, called weights, by applying the SVM algorithm to a training dataset with known class labels. In essence, the feature weight corresponds to the relative contribution of a specific feature to the classifier's ability to successfully differentiate the two groups. After feature weights are calculated, the classifier can then be applied to a separate dataset, known as the testing dataset, and the performance of the classifier can be assessed in terms of its accuracy in classifying examples to the correct class.
The use of SVM on resting-state fMRI data has several advantages over traditional univariate methods. For example, the robustness of findings on group differences can be measured in terms of the accuracy in which these findings classify individual subjects. Importantly, SVM allows the identification of features that contributed the most to subject classification, providing insight into the defining differences between two groups.
Machine learning classifiers, including SVM, have been successfully applied to resting-state fMRI data in the classification of major depressive disorder, schizophrenia, and adolescent brains from normal adult brains (Craddock et al., 2009; Shen et al., 2010; Supekar et al., 2009) . A recent study by Dosenbach and colleagues used SVM (and a related method support vector regression) to classify adolescent and adult brains based on resting-state functional connectivity (2010) . They observed that the distinguishing characteristic for successful classification between child and adult brains was a decrease in correlations among short-range connections, along with an increase in correlations among long-range connections with increasing age.
In this study, a commonly used machine learning method namely the SVM was used to discriminate healthy younger and older adults based on their resting-state functional connectivity. We hypothesized that older and younger adult brains could be successfully classified based on their resting-state functional connectivity with the use of binary SVM. In addition, the major goal of this study was to use the information provided by SVM to identify what features (in our case functional connections) contributed the most to the success of the classifier. It is our hope that by thoroughly investigating these features we can identify patterns of network and seed-region differences that represent the distinguishing functional network changes that occur with normal aging.
Materials and methods
Resting-state data from 26 right-handed younger adults (18-35 yrs, mean=24.7 yrs± 0.9 SEM, 12 male, 14 females) and 26 right-handed older adults (55-85 yrs, mean=64.7 yrs±1.56 SEM, 11 male, 15 female) were obtained from the International Consortium for Brain Mapping (ICBM) dataset made publically available in the 1000 Functional Connectomes project www.nitrc.org/projects/fcon_1000 (Biswal et al., 2010) . This dataset includes three separate resting-state scans for each subject in which 23 axial slices were acquired on a 3 T scanner and comprised of 128 time points using a gradient-echo EPI sequence with TR = 2 s where subjects lied in the scanner with their eyes closed. Out of 78 total scans in older adults, 42 were acquired with spatial resolution of 4 × 4 × 5.5 mm, while 36 were acquired with spatial resolution of 4 × 4 × 4 mm. Out of the 78 total scans in younger adults, 36 were acquired with spatial resolution of 4 × 4 × 5.5 mm, while 42 were acquired with spatial resolution of 4 × 4 × 4 mm. Information regarding this dataset is available at www.nitrc.org.
Preprocessing
Functional data were preprocessed using slightly modified scripts included in the 1000 Functional Connectomes Project using a combination of FSL and AFNI (Biswal et al., 2010; Cox, 1996; Smith et al., 2004; Woolrich et al., 2009 ). All images were first deobliqued and reoriented to RPI orientation for use in FSL. EPIs were motion and slice-time corrected, spatially smoothed using a Gaussian kernel of 6 mm FWHM, and scaled to the grand mean. Time series were then band-pass filtered (0.005-0.1 Hz) and linear and quadratic trends were removed. The eighth image of each scan was used to register the EPI scan to the high resolution anatomical scan that was acquired during the same session of the particular EPI.
In order to control for participant movement and physiological processes, motion parameters, global signal, white matter signal, and CSF signal were regressed from the time series. The global signal was calculated by averaging across all voxels in the brain. White matter and CSF masks were created by the segmentation of each individual's structural image using FSL's FAST program and then applied to each EPI to extract the white matter and CSF signals. Following the removal of these nuisance variables, the residual time series for each scan were demeaned, re-sampled to 3 mm 3 , and registered to MNI152 standard space using FSL's FLIRT program.
Seed-based connectivity
Time courses were extracted from predefined regions of interest derived from a series of meta-analyses of task-related fMRI studies, as described in Dosenbach et al. (2010) . In their study, Dosenbach and colleagues investigated 160 total seed-regions from six different networks. We focused on seed-regions located in the default network, sensorimotor network, fronto-parietal network, and the cinguloopercular network. Fig. 1 displays the seed-regions used. In order to calculate seed-regions that were common among all subjects, an inclusive mask of the spatially normalized residuals was created and applied to every EPI. This insured that seed-regions in which some or all participants had no signal or EPI brain coverage were not included in our analysis.
The time series from 100 five mm 3 radius spherical seed-regions that survived the inclusive mask were extracted from the spatially standardized residuals for every EPI scan. The resulting time series for each seed-region from each of the three EPI scans per subject were then imported into Matlab (Mathworks) and correlated against every other seed-region, resulting in the creation of three 100 × 100 matrices of correlation coefficients for each individual. Correlation coefficients were z-transformed using Fisher's r-to-z transformation to normalize the distribution.
Binary SVM classification and leave-one-out cross-validation Soft-margin SVM classification (with regularization parameter C = 0.5) was performed using the Spider Machine Learning Toolbox (Weston et al., 2005) implemented in Matlab (Mathworks). A radial basis function was used as the underlying kernel to map the data in higher-dimension vector space and apply a linear decision function to classify individual scans as being from either the younger or older adult group. Leave-one-out cross-validation (LOOCV) was used for tuning the SVM hyper-parameters and estimating the classifier's accuracy.
The benefit of LOOCV is that the same dataset can be used for both the training and testing of the classifier (Pereira et al., 2009 ). For each round of LOOCV, a subject's data was removed (all three scans to avoid twinning bias) and the top 200 features (connections) were selected using two-sample t-tests (not assuming equal variance) on the training set and ranked according to their absolute t-statistics in descending order. The criterion of retaining top 200 features was based upon the fact that approximately the same number of features survived the same t-test on the whole data after False Discovery Rate correction. The classifier was then trained, and feature weights were estimated on the remaining subjects' datasets (serving as the training dataset). The three scans of the subject that were left out of the training set served as the testing dataset, and were each separately classified as being either young or old. This process was repeated for every subject and the total accuracy of the classifier was determined by the percent of scans which were correctly categorized.
Results

Overall classifier performance
The classifier successfully discriminated older adults from younger adults at an accuracy of 84%. Given the equal number of older and younger adults in our sample, chance performance of the classifier would have yielded an accuracy of 50% (the null hypothesis). Therefore, we treated each fold of the leave one out cross validation as a Bernoulli trial with success probability of 0.5, as specified by Pereira et al. (2009) . By comparing the number of true positives to the total number of examples (scans to be classified as young or old) we observed the probability of our measured accuracy occurring by chance. The 84% accuracy of the classifier was highly significant, having a p value b 0.0000001.
Consensus features
Two-hundred features, defined as the functional connectivity between two seed-regions, were obtained from each round of LOOCV. From these, 126 features, known as consensus features, were found to be common across every round. Table 1 lists the consensus features with negative predictor weights corresponding to seed-region pairs in which older adults had significantly higher correlation coefficients than younger adults. Table 2 lists consensus features with positive predictor weights corresponding to seed-region pairs in which younger adults had significantly higher correlation coefficients than older adults.
The goal of the present study was to identify the functional connections that distinguish older adult brains from younger adult brains. To identify brain regions that undergo significant age-related changes in functional connectivity, the contribution of each seedregion to the overall ability of the classifier to accurately discriminate between age groups can be assessed by summing one-half of the feature weights associated with that seed-region. For this study, we used a non-linear radial basis function as the kernel for the SVM classification, to be consistent with the study by Dosenbach et al. (2010) . The use of a non-linear kernel limits the interpretation of the SVM weights in high dimensional feature space, and also prevents the exact transformation of feature weights from feature space back to input space (Scholkopf et al., 1999) . Therefore, we find an approximation of feature weight by performing a two sample t-test between the young and old age groups for each connection (feature) and use the resulting t-score as our feature weight.
The single seed-region with the greatest amount of feature weight associated with it was a seed-region located in the left precuneus, near the border of the cingulate (MNI coordinates −3, −38, 45). Table 3 displays the top ten seed-regions ranked by total feature weight. The seed-region that contributed to the second-most feature Fig. 1 . Shown are the 100 seed-regions used in this study taken from Dosenbach et al. (2010) . Fronto-parietal network is in yellow; sensorimotor in blue; default in red; cingulo-opercular in green.
Table 1
Information on consensus features with negative feature weights derived from connections that were more positively correlated (or less negatively correlated) in older adults than in younger adults. Shown are the seed-region pairs and their respective networks, the average feature weight for each seed-region pair, and the respective z-transformed correlation coefficients for both the younger and older adult groups. Features that overlap with features derived from the motion-SVR (see supplement) indicated with *. ROI seeds are coded for ease of visualization in Tables 1-3 : fronto-parietal -yellow; sensorimotor -blue; default -red; cingulo-opercular -green.
Consensus features
Weight zCC The z-transformed correlation coefficients from the consensus features for both the younger and older adult groups were analyzed to determine the exact nature of the functional connectivity changes that contributed to the total feature weight used in the SVM classification (Tables 1 and 2 ). Of the total feature weight entered into the SVM, 37% came from pairs of seed-regions that displayed a decrease in correlation coefficients with age, where older adults displayed a significantly lower correlation between seed-region pairs than younger adults (Fig. 2a) . Positive correlations that were significantly higher in older adults than younger adults accounted for 31% of the total feature weight. Negative correlations that were significantly less negative in older adults than younger adults contributed to 32% of the total feature weight. Fig. 3 is an illustration of the consensus features connected to their associated see-regions. Although in terms of SVM performance decreases in negative correlations and increases in positive correlations with age were equivalent (i.e., both resulted in negative weights), we differentiated the patterns in this nature because of the hypothesized physiological significance of a positive correlation and a negative correlation (anti-correlation) between two regions (Fox et al., 2005) .
The seed-regions used in this study have been previously classified as belonging to four different functional networks by Dosenbach et al. (2010) . Seed-regions from the fronto-parietal, cingulo-opercular, sensorimotor, and default network were investigated here. In order to identify what functional networks display the greatest amount of agerelated change, the contribution of each network to the SVM classification was compared by summing the weight from all of the seed-regions classified as belonging to a certain network. As seen in Fig. 2b , seeds from the sensorimotor network contributed the highest percentage of the feature weight, although all four networks contributed. We were able to further characterize each seed-region pair as either being between two different networks or being within a single network. Based on our SVM results, the majority of seed-region pairs that were significantly more connected in older adults (or less negatively correlated) were between network connections. Conversely, the majority of seed-region pairs that were significantly less connected in older adults were approximately half within network connections and half between network connections.
To get an in depth understanding of what types of age-related changes each network underwent, the contribution of each individual network to each of the above-mentioned scenarios was calculated.
Increased positive correlations with age Between networks
Sixty-three percent of the weight from seed-region pairs that had an increase positive correlation with age was from connections between two different networks (Fig. 4a ). Of these, the majority (57%) of the weight came from connections between seed-regions in the sensorimotor and cingulo-opercular networks, 16% was between seed-regions in the sensorimotor and fronto-parietal networks, 14% was between seed-regions in the default and the fronto-parietal networks, 10% was between seed-regions in the fronto-parietal and cingulo-opercular, and 3% was between seed-regions in the cingulo-opercular and default networks.
Within networks
Thirty-seven percent of the weight coming from connections that were more positively correlated in older adults than younger adults was from within network connections. Of these, sensorimotor made up 79%, default made up 14%, and fronto-parietal made up 7%.
Decreased negative correlations with age
Between networks
All of the seed-region pairs that were significantly less negatively connected in older adults than in younger adults were between networks (Fig. 4b) . The majority of the feature weight from these seedregions (70%) was between the seed-regions in the sensorimotor and default networks. Connections between the cingulo-opercular network and the default network accounted for 20% of the feature weight, while connections between the fronto-parietal and sensorimotor networks contributed 7% of the weight, and the cingulo-opercular and the fronto-parietal networks contributed 3% of the weight.
Decreased positive correlations with age
Between networks
Just over half (51%) of the weight from seed-region correlations that became less positive with age was from between network connections (Fig. 4c ). Of these, 73% were between the sensorimotor and cinguloopercular networks, 15% were between the fronto-parietal and cingulo-opercular networks, 8% were between the fronto-parietal and sensorimotor networks, and 4% were between the default and sensorimotor networks.
Within networks
Within network connections contributed 49% of the weight coming from connections that were less positively correlated in older adults than younger adults. Of the within network connections 49% of the weight came from the cingulo-opercular network, 30% came from the sensorimotor network, 17% came from the default network, and 4% came from the fronto-parietal network.
Analysis by network
The feature weights belonging to each individual network was also classified by what type of connections they were and by what other networks they were connected to in order to understand the exact nature of the changes each network underwent. Table 2 Information on consensus features with positive feature weights derived from connections that were more positively correlated in younger adults than in older adults. Shown are the seed-region pairs and their respective networks, the average feature weights for each seed-region pair, and the respective z-transformed correlation coefficients for both the younger and older adult groups. Features that overlap with features derived from the motion-SVR (see supplement) indicated with *.
Consensus features
Weight zCC 
Fronto-parietal
The connections accounting for the weight involving the frontoparietal network were analyzed. Eighty-three percent of all of the weight coming from connections that included a fronto-parietal seed-region was from between network connections, whereas within network connections accounted for 17% (Fig. 5a ). Of the frontoparietal connections that were between networks, 50% of the feature weight came from connections that increased positive correlation with age, 29% came from decreased positive correlation with age, and 21% came from connections that decreased positive correlation with age. Of the fronto-parietal connections that were within network, 52% increased positive correlation with age and 48% decreased positive correlation with age.
Cingulo-opercular
From the features that included the cingulo-opercular network, 68% of the weight was from between network connections while 32% was from connections within the cingulo-opercular network (Fig. 5b) . Forty-four percent of the weight coming from between network connections decreased positive correlation with age, while 36% increased positive correlation with age and 20% decreased negative correlation with age. Of the weight coming from connections that were within the cingulo-opercular network, 100% decreased positive correlation with age.
Sensorimotor
Sixty-five percent of the weight coming from features that included the sensorimotor network was between network connections and 35% was within network connections (Fig. 5c) . Among the weight coming from between network connections that included the sensorimotor network, 45% decreased negative correlation with age, 26% increased positive correlation with age, and 29% decreased positive correlation with age. Among the weight derived from within sensorimotor connections, 63% increased positive correlation with age and 37% decreased positive correlation with age.
Default
The feature weight attributed to connections involving the default network were 78% between network connections and 22% within network connections (Fig. 5d) . Of the weight coming from between network connections that included the default network, 88% was from connections that decreased in negative correlation with age, 10% was from connections that increased in positive correlation with age, and 2% was from connections that decreased in positive correlation with age. Of the weight that came from within default network connections, 65% decreased positive correlation with age, 35% increased positive correlation with age.
Seed-to-seed distance
Consensus features were also characterized by the Euclidian distance between the seed-to-seed connections to determine if there were any patterns in the age-related functional connectivity differences. Connections were grouped according to the differences in correlation coefficients in the three general scenarios described above and the distances were compared using two sample t-tests with unequal variance (Fig. 6) . Connections that were significantly more positively correlated in older adults than younger adults (42.27± 3.87 mm SEM, n=38) were significantly shorter than both connections that were less negatively correlated in older adults (56.33± 3.16 mm SEM, n = 40; t(76) = −2.826, p b 0.01), and connections that were less positively correlated in older adults (57.13 ± 2.95 mm SEM, n = 48; t(84) = −3.112, p b 0.005). There was no difference between connections that were less negatively correlated in older adults and connections that were less positively correlated with age.
Discussion
The goal of the current study was to identify the distinguishing age-related differences in resting state functional connectivity. The feature weights derived from SVM classification provide a means of doing so as the success of the SVM classification is dependent on the weights assigned to each feature. The contribution of individual seed-regions and networks to the success of the SVM can be assessed by summing the feature weight associated with each.
Based on our analysis of the feature weights, every single network as previously defined by Dosenbach et al. (2010) that we investigated made a large contribution to the SVM classification (Fig. 2b) . Interestingly, the greatest contribution came from seed-regions located in the sensorimotor network. This is reflected by the fact that five of the top ten seed-regions that contributed the most feature weight belonged to this network (Table 3) . Although not as extensively studied as age-related changes in cognition, numerous studies have established that normal aging is accompanied by a general decline in simple sensorimotor function associated with varying levels of task-related increases in brain activation and functional connectivity (Calautti et al., 2001; Chen et al., 2009; Hutchinson et al., 2002; Mattay et al., 2002; Naccarato et al., 2006; Riecker et al., 2006; Ward and Frackowiak, 2003) . In addition, decreases in functional connectivity Cingulo-opercular L_ant_insula −36 18 2 Fig. 2 . Pie charts illustrating the percentage of the total weight that came from each (a) scenario observed and (b) network studied. Fig. 3 . Illustration of the consensus features that decreased positive correlation with age (top) and the consensus features that increased positive correlation with age and decreased negative correlation with age (bottom). Connections are scaled by their respective feature weight, with thicker connections representing greater feature weight.
and regional homogeneity of low frequency fluctuations at rest have also been reported in the motor network (Wu et al., 2007a; Wu et al., 2007b) . The greatest contribution from any one seed-region came from a region in the left precuneus of the default network (Table 3 ). The precuneus is thought to be involved in self-referential processing and, as part of the default mode network, is considered a major structural and functional hub of the brain (Cavanna and Trimble, 2006; Hagmann et al., 2008 ). Age differences in task-related deactivation of the precuneus, and the default network as a whole, have been linked to difficulties in cognitive control that are often apparent in older adults (Grady et al., 2006; Grady et al., 2010; Lustig et al., 2003; Park et al., 2010; Persson et al., 2007; Sambataro et al., 2010) . The effects of age on the default network are discussed below.
The differences in correlation coefficients between older adults and younger adults that contributed to the observed feature weights followed three different scenarios (visualized in Fig. 3) . First, there were those connections that were more positively correlated in older adults than in younger adults. Similar to this, there were those connections that were less negatively correlated in older adults than in younger adults. Finally, there were connections that were less positively correlated in older adults than in younger adults. Each of these scenarios contributed approximately one third of the total summed feature weight used for the SVM classification (Fig. 2a) . Importantly, connections that strengthened with age, which includes those that increase positive correlation and those that decrease negative correlation, accounted for two thirds of the total weight. This implies that connections that increase in strength with age are the distinguishing characteristics of age-related changes in connectivity, as the SVM classification relied heavily on these connections.
Stronger connections in older adults
A second significant observation from our SVM data presented here is that the connections that were stronger in older adults were mostly between network, or inter-network, connections (Fig. 4) . This included inter-network connections that became more positively correlated with age, which were mostly between the sensorimotor network and the two networks previously defined as the task-control networks (the fronto-parietal and cingulo-opercular networks; Dosenbach et al., 2007; Dosenbach et al., 2006) , and also included inter-network connections that became less negatively correlated with age, which were mostly from connections between the default network and the sensorimotor network or the cingulo-opercular network (Fig. 4a-b) .
The observation that most of the feature weight used to classify older adult brains from younger adult brains came from increasingly positive connections between the sensorimotor network and the task-control networks is consistent with the hypothesis that cognitive systems must compensate in older adults for the general decline in sensorimotor abilities (Li and Lindenberger, 2002; Seidler et al., 2010) . For example, Heuninchx et al. have shown that older adults display additional activations not observed in younger adults in cognitive areas including the frontal operculum, dorsolateral PFC, and the superior parietal cortex during simple motor tasks (Heuninckx et al., 2005; Heuninckx et al., 2008) . Likewise, an increase in functional connectivity between sensorimotor areas and subcortical regions has been observed during simple motor tasks (Marchand et al., 2011) . Our results suggest that the cognitive networks and the sensorimotor networks become less segregated in normal adult aging, possibly due to the greater functional inter-dependence of these networks in older adults. However, it is important to point out that some of the seed-regions classified as sensorimotor by Dosenbach et al. include regions such as the SMA, PMC, and dorsal frontal cortex regions that have previously been implicated in cognitive tasks (Dosenbach et al., 2010) .
Another major contribution to our classifier came from connections that had decreases in negative correlations between regions in the default network and regions in the sensorimotor or cinguloopercular network. It has been documented that the default network is negatively correlated with brain regions that are generally activated during attention-demanding cognitive tasks (Fox et al., 2005; Fransson, 2005) . As previously mentioned, older adults often have difficulties in suppressing the default mode network compared to younger adults during cognitive task performance (Grady et al., 2006; Grady et al., 2010; Lustig et al., 2003; Park et al., 2010; Persson et al., 2007; Sambataro et al., 2010) . Here, our finding of decreased negative correlations in older adults in connections between the default network and the cingulo-opercular network is consistent with this literature. However, the majority of the feature weight utilized by our classifier that came from decreased negative correlations were from seed-region pairs between the sensorimotor network and default network. It is plausible that this is one consequence of the previously described increased integration of the sensorimotor network and the task-control networks. Further research is needed to investigate the relationship between the default mode network and sensorimotor systems.
Weaker connections in older adults
In contrast to connections that became stronger in older adults, which were mostly inter-network connections, those that became weaker with age were roughly half inter-network and half intranetwork, or within network, connections (Fig. 4c) . Although, as previously noted, much of the feature weight came from seed-regions pairs involving the sensorimotor and cingulo-opercular networks that were more positively correlated in older adults, there were a large number of seed-region pairs involving these networks that became less positively correlated with age. This suggests that the increased involvement of cognition in sensorimotor tasks is a product of substantial reorganization of these two networks, including both increases and decreases in connectivity between the regions.
Our finding that nearly half of the connections that decreased with age were within network connections could reflect the dedifferentiation of these networks with advancing age. This seems to be the case in particular for the default mode network and the cingulo-opercular network, both of which had lower positive correlations in older adults than younger adults for within network connections (Fig. 5) . Agerelated decreases in functional connectivity within the default network have been documented during task performance and at rest (Andrews-Hanna et al., 2007; Damoiseaux et al., 2008; Grady et al., 2010; Park et al., 2010) . Reduced connectivity between areas of the cingulo-opercular network could be linked to difficulties of executive control that are often observed in older adults (for review, see Hedden and Gabrieli, 2004) .
Connection distances
In the data presented here there is an age-related weakening of both long-range correlations and negative correlations, and an agerelated strengthening of short-range correlations (Fig. 6) . Thus, the long-range positive and negative correlations that define normal brain organization in healthy adults become less defined in older adults. The reduced connectivity of long range connections observed in our study is in line with a study by Wang et al. that found that there are less long-range connections in older adults than in younger adults during a memory task . Interestingly, the short-range connections with increasing connectivity with age were mostly between network connections, perhaps reflecting blurring of the functional networks.
Limitations
The present study does have limitations. The use of SVM requires several user decisions, including choosing the number of seed-regions to include and the manner in which seed-regions are defined. We selected seed-regions in an attempt to complement the recent Dosenbach paper that used support vector machines to classify adolescent brains from adult brains (Dosenbach et al., 2010) . We also used the same network affiliations of the seed-regions as determined by Dosenbach and colleagues from their community detection analysis. However, the axial slice acquisition of the EPIs prevented the inclusion of the occipital and cerebellar networks in our analysis, as several subjects included in the ICBM dataset did not have coverage in these regions. The use of the entire Dosenbach seed-regions would have been ideal, but the accuracy of our predictor speaks to the robustness of our data. Additionally, although not a limitation, it is important to note that some of the seed-regions in the sensorimotor network have been implicated in cognitive tasks, which might explain the high level of interaction between the sensorimotor and cinguloopercular networks observed here. It should also be noted that by using Euclidian distance between seed-regions as our measurement for connection length, some of the distances may not truly reflect the structural connective distance, such as for cases in which the measurement was between the hemispheres.
It is possible that factors associated with the scanning sessions themselves contributed to some of the differences observed. However, due to the fact that this dataset was obtained from a data base, detailed information regarding potentially confounding factors such as differences in IQ or the degree to which subjects were able to stay awake during the scans is unfortunately unavailable.
Group differences in head motion
One major consideration regarding the current study is that group differences in head movement have been shown by Van Dijk and colleagues to significantly affect correlations between seed-regions (2012). To investigate this issue, a composite score of total motion for each subject was calculated as the square root of the sum of squares of the derivatives for each motion parameter, as suggested by Jones et al. (2010) . Older adults did have significantly more motion than younger adults (0.14 ± 0.013 in older adults, 0.07 ± .005 in younger adults; t(50) = 4.37, p b 0.005). Motion parameters were controlled for as nuisance regressors as is standard in the field, although this may not completely control effects introduced by motion as shown by Van Dijk et al. (2012) . Older subjects had consistently low movement from frame to frame rather than brief periods of large movement precluding frame by frame censoring of the data. We therefore performed three separate analyses to address this issue further (see supplement). First, we performed a second non-linear SVM using a subset of 16 younger subjects and 16 older subjects that were matched in the amount of head motion. This second SVM classified adults at an accuracy of 68%, which is still highly significant (pb .0005), and over one third of the consensus features from this analysis were identical to the original analysis (supplementary Table 1 ). Second, we performed a non-linear support vector regression (SVR) on the original 52 subjects with each subjects' composite motion parameter estimate as a dependent variable in order to extract features influenced by their total head motion. From this motion SVR, 76 features were identified of which 27 consensus features overlapped with consensus features derived from the original age SVM (indicated by an asterisk in Tables 1 and 2; listed  in supplementary Table 2 ). We interpret these 27 features as being sensitive to both age and motion (see a listing of these features as indicated by asterisks in Tables 1 and 2; listed in supplementary Table 2 ). We also performed a third analysis of SVM identical to the primary age classifying SVM except without the 76 consensus features derived from the motion SVR. This classifier was 82% accurate, having 99 of its 126 consensus features identical to the original SVM along with 27 additional age-predicting features (see supplement). We interpret these 99 features as a robust set of features sensitive to age-related changes, since the accuracy change was minimal from the original SVM (84% accurate for original age SVM, 82% accurate for the SVM analysis without the 76 motion-influenced features). We also have made note of the 27 additional age-predicting features (supplementary Table 3 ); essentially, the 27 features that overlapped between the motion SVR and the original age SVM were replaced with these 27 additional age-predicting features. However, it must be noted that simply removing the 76 features or connections that were most predictive of head movement does not completely remove the effect that head movement possibly has on the remaining features or connections.
These analyses suggest that motion may account for some of the differences in connectivity observed in this study; however, it is also important to note that for our motion-matched SVM there was a great reduction in power (loss of 10 subjects per group) as a result of matching our groups in terms of head motion. In addition, regression of motion parameters was performed. Although this does not completely eliminate motion-related signal changes, it does reduce the influence of motion. The secondary SVM, and omitting overlapping features based on the motion classifying SVR, are conservative attempts to address the issues of head motion differences in the groups and may result in false negatives. Therefore the paper is mainly focused on all the age-related features, some of which were influenced by motion, and used the entire data set for this study. Certainly, the effect of head motion on functional connectivity analyses needs to be further explored to identify appropriate ways of controlling for group differences that might confound such studies.
Conclusion
These results show that SVM can successfully classify younger adult brains from older adult brains based on their resting-state functional connectivity. More importantly, the use of SVM allowed us to investigate the patterns of age-related connectivity changes that best differentiate older and younger adult brains with confounds typically associated with tasks. We observed three general patterns of resting state functional connectivity that differentiated younger adult brains from older adult brains. The first pattern we observed was that connections between the sensorimotor and cingulo-opercular networks contributed the most to the classifier's accuracy. The second pattern we observed is that there is a decrease in negative correlations between the default network and the sensorimotor and cinguloopercular networks. Finally, we observed that within network connections of the cingulo-opercular and default networks were less positively correlated in older adults than in younger adults. These three patterns were observed in the main analysis as well as in the more conservative analyses provided in the supplement in order to account for group differences in head motion (see supplement). Our observation that connections that were more positively correlated in older adults than younger adults were significantly shorter than both connections that were less negatively correlated in older adults and connections that were less positively correlated in older adults was not observed in our more conservative analyses, and it is uncertain whether this finding is due to group differences in head movement or the reduced power of these supplementary analyses.
This study complements the recent study by Dosenbach et al. in which machine learning classifiers were used to predict brain maturity during development (2010). This study also adds to the small body of literature that characterizes age-related reorganization of functional networks with the use of machine learning classifier on resting-state functional connectivity. Better understanding the structural and functional network changes that accompany aging may lead to strategies to ameliorate some of the behavioral consequences of normal aging.
